Real-time fMRI neurofeedback allows to learn control over activity in a localized brain region. However, with fMRI, physiological factors such as the cardiac cycle and respiration interfere with the measurement of brain activation. In conventional fMRI studies this is usually mitigated by inclusion of motion parameters and/or physiological parameters as nuisance regressors at the analysis stage, allowing to correct for and filter out such confounders. In real-time fMRI, however, such an approach is not routinely feasible due to the necessity to process all signals during the runtime of an experiment. The absence of on-line correction can therefore compromise realtime fMRI study outcomes reporting volitional self-regulation capability as BOLD signal changes. This is especially true for BOLD signal changes in subcortical regions situated close to blood vessels or air cavities, such as the amygdala. We therefore aimed to establish the effects of motion, heart rate, heart rate variability, and respiratory volume on learning effects, which means here an increase in BOLD signal change over NF training, in an amygdala neurofeedback experiment. Specifically, we investigate motion parameters from two emotion regulation studies -performed at 3T and 7T scanners -and additionally acquired physiological variance for the latter one. Our results revealed differences in these parameters between groups and especially between regulation and resting periods within each participant. However, strictly considering these parameters as nuisance regressors in data analysis revealed that the learning of volitional self-regulation of the amygdala is not driven by motion and physiological changes. As validation of our real-time findings, we compare them to the gold standard of assessment of motion and physiology from the Human Connectome Project. Based on this, we recommend to carefully report neurofeedback study results including physiological nuisance regression. To our knowledge, this is the first study investigating the effects of motion and physiological noise correction on neurofeedback BOLD effects.
28
Therefore, in this study, we investigate the effects of motion, heart rate variability and respiration on the NF 29 learning effects in rt-fMRI regulation experiments. The amygdala is a ROI of high interest for rt-fMRI 30 neurofeedback experiments. Its capacity for being modulated by means of neurofeedback has been investigated so 31 far in numerous studies including two own previous studies (Brühl et . However, the effects of motion, respiration and heart rate could 35 be especially profound for the amygdala due to its close proximity to major blood vessels (Boubela et al., 2015) , 36 and its proneness for signal dropout (Deichmann et al., 2002) .
37
Specifically, we need to know how head motion, respiration and heart beat will affect real-time fMRI learning 38 effects, especially for amygdala. The following questions need to be answered:
39
(1) How do motion and physiological measures (heart rate, heart rate variability and respiration) vary during 40 the neurofeedback experiment, and does they vary as a function of either intervention group (feedback vs. 
46
To answer these questions, we acquired data in a real-time amygdala neurofeedback experiment paying special attention to motion and using respiration belt and pulse oximetry to assess respiration and heart rate, respectively.
48
Moreover, we aimed to test whether the variations within our real-time data fall within the normally expected 49 range from a big sample. To do so, we used motion, respiration and heart rate data from the human connectome 50 project which provides a gold standard for quantifying variability in these parameters. The results of our study 5 speak to the growing NF literature. Importantly, our data clearly indicate that amygdala NF learning effects are 52 not primarily driven by motion and physiological noise, a finding which reinforces the feasibility and reliability 53 of amygdala self-regulation. However, our results also illustrate the necessity to report in detail how rt-fMRI 54 studies control for motion and physiological parameters in the analysis. previously reported in our study (Hellrung et al., 2018) . In short. We were using the in-house toolbox rtExplorer 86 (Hollmann et al., 2011 (Hollmann et al., , 2008 ) and a direct transfer of the data via network connection. The data were sent volume-
87
wise to a network port and stored into the random-access memory of the analysis computer. For 3T, data were 88 motion corrected using the preprocessing module of the in-house software BART (Hellrung et al., 2015) , while 7T 89 data were motion corrected during the reconstruction within the MR sequence.
90
Physiological Recordings:
91
At the 7T site, we additionally acquired respiration information with a respiration belt (using a 92 pneumatic respiration transducer from Honeywell 40PC001B1A) and heart-rate information with a 93 NONIN (8600-FO) pulse oximeter on the right index finger. For digital recording and subsequent 94 analysis of physiological data we used an in-house setup, consisting of the hardware "PhysioBox" and 95 the software "Physiolog" 2 . The PhysioBox employs the National Instruments acquisition card USB 96 6008. The Software "Physiolog" written in Python samples the data at 200 Hz and stores them as CSV 97 file. The acquisition of these data is synchronized with the MR triggers. At 3T site, only motion 98 experiences we gained from that experiment. 100 2.3 Experimental neurofeedback paradigm 
133
HCP tasks: We chose three different fMRI tasks paradigms from the available datasets: (1) "REST1", where no 134 explicit task was performed, (2) "EMOTION", which was a block-design emotional picture task supposed to raise 135 amygdala activity and therefore is relevant for comparison to our paradigm, (3) "MOTOR", where participants 136 performed tongue or bilateral finger and feet movements. We chose this task as it is likely to provide an upper 137 level of median framewise displacements and physiological variation. physiological parameters, a total of 636 participants were selected for whom physiological recording data were 142 available for all three tasks. These were also divided into three groups, resulting in 212 participants per group. 
172
Heart Rate / Heart Rate Variability: We calculated the average heart rate (HR in beats/min) and heart rate 
255
Given that the central moment tested above revealed differences between the groups, we additionally analyzed 256 non-parametric distribution parameters, namely skewness and kurtosis, between the groups. For both parameters 
and p values and post-hoc t-test results showing directions of differences in head motion within the groups. All our groups revealed significant differences between the regulation conditions while head motion is higher during REST blocks in all groups (condition with increased mean always named first).

Dynamics of motion (Does motion vary over time?) 273
To test whether within the subjects the head motion is changing over time, we tested within each group for (Fig 4A), HRV (Fig. 4B) and RVT (Fig. 4C) , each compared to HCP data (see 3.3) 297
Condition-wise comparisons (Do they vary as a function of regulation condition?) 298
Our analysis revealed differences in HR, HRV and RVT between the conditions HAPPY, COUNT and REST 299 periods in both INT and NOF group independently. 
Dynamics of motion (Do they vary over time?) 303
To test whether within the subjects HR, HRV or RVT are changing over time, we tested within each group for 304 individual differences along the five runs. Notably, for all groups and parameters we found no changes within the This finding validates our findings from both rt-fMRI amygdala NF data sets with a bigger sample size. Fig. 4 Comparison of physiological parameters in our data with the HCP data. To validate our findings for heart rate, heart rate variability and respiration volume, we analyzed the emotional task and resting state data from the HCP project. The parameter ranges in our data were comparable to those of the HCP sample. Second, although our sample did reveal significant differences in HR only with a small effect size, the bigger sample from the HCP data revealed significant differences in heart rate (A), heart rate variability (B) and respiration volume (C). (Fig. 5 middle) , and GLM + MOCO & PHYSIO (Fig. 5 right) . For this participant, the 345 comparison between GLM NO NUISANCE and GLM + MOCO & PHYSIO revealed no differences between the 346 extracted values (p=.46). We inspected these values from all our participants' data observing changes in the 347 absolute values between the different GLMs. Therefore, we collapsed these values across INT and NOF groups to 348 answer our question whether estimated group learning effects will be affected by approaches to correct for motion 349 and physiological confounds.
Amygdala task-motion and task-physiological interactions (How does the
350
Fig. 5 Single participant comparison of learning effects: Comparison of GLMs comprising no nuisance regression (GLM NO NUISANCE), motion regression only (GLM MOCO), and motion and physiological noise regression (GLM MOCO & PHYSIO) for one participant of 7T INT group. We found no differences regarding the percentage signal change extraction values between the GLM NO NUISANCE and GLM + MOCO & PHYSIO.
Group level comparison 7T and 3T 351
For group-level comparisons, we compared the % signal change in amygdala along the runs between the three 352 different To answer how far statistical group differences in NF learning will be affected by such an enhanced noise 360 correction, we performed mixed effect model analysis using INT and NOF group as between-subject factor and 361 run as within-subject-factor. Critically, we found a difference in the resulting overall learning effects between the 
Discussion
372
In two independent amygdala neurofeedback studies, we systematically investigated effects of head motion, heart 373 rate, heart rate variability and respiratory volume on BOLD signal changes achieved from neurofeedback training.
374
We mainly asked three questions: (1) How do these parameters vary during a neurofeedback experiment and if both groups only within-subject differences between the regulation conditions.
398
The combined evidence indicates that the reason behind the observed differences between our groups might be the 399 feedback information, which might lead to a stronger engagement of the participants in the task. . However, we used the current state-of-the-art methods for data acquisition and nuisance correction.
430
Overall, our results cannot be fully generalized to all kinds of rt-fMRI neurofeedback studies and it is crucial that 431 more fMRI-NF studies report noise corrected results.
432
Although our study underpins the reliability of neurofeedback allowing to increase BOLD activity over the training,
433
we think it is highly recommended to acquire motion and physiological data, and also highlights the importance 434 of post-hoc offline analysis taking these into account when analyzing the data. This would help to increase trust in 27 all studies reporting neurofeedback training effects. programme under the Marie Sklodowska-Curie grant agreement 794395 (to LH). 465
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